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Abstract—The navigation state (position, velocity, and attitude) always been in the interpretation of the image, a difficulty
can be determined using optical measurements from an imaging shared with Automatic Target Recognition (ATR). Indeed,
sensor pointed toward the ground. Extracting navigation infor- \yhan celestial observations are used, the ATR problem in this

mation from an image sequence depends on tracking the location tructured . tis tractabl d aut tic star track
of stationary objects in multiple images, which is generally structured environment IS tractable and automaliC star trackers

termed the correspondence problem. This is an active area of are widely used for space navigation and ICBM guidance.

research and many algorithms exist which attempt to solve this When ground images are to be used, the difficulties associated
problem by identifying a unique feature in one image and then wijth image interpretation are paramount. At the same time, the
searching subsequent images for a feature match. In general, ,5jemg associated with the use of optical measurements for

the correspondence problem is plagued by feature ambiguity, o .
temporal feature changes, and occlusions which are difficult for a navigation are somewhat easier than ATR. Moreover, recent

computer to address. Constraining the correspondence search to developments in feature tracking algorithms, miniaturization,

a subset of the image plane has the dual advantage of increasingand reduction in cost of inertial sensors and optical imagers,
robustness by limiting false matches and improving search speed. ajded by the continuing improvement in microprocessor tech-
A number of ad-hoc methods to constrain the correspondence y516qy, motivates us to consider using inertial measurements

search have been proposed in the literature. to aid the task of feat tracking in i
In this paper, a rigorous stochastic projection method is o al € lask or feature tracking In Image sequences.

developed which constrains the correspondence search space The methods are typically classified as either feature-based
by incorporating a priori knowledge of the aircraft navigation or optic flow-based, depending on how the image correspon-
state using inertial measurements and a statistical terrain model. gence problem is addressed. Feature-based methods determine

The stochastic projection algorithm is verified using Monte “ w o :
Carlo simulation and flight data. The constrained correspondence correspondence for “landmarks” in the scene over multiple

search area is shown to accurately predict the pixel location of frames, while optic flow-based methods typically determine
a feature with an arbitrary level of confidence, thus promising correspondence for a whole portion of the image between
improved speed and robustness of conventional algorithms. frames. A good reference on image correspondence is [7].
Optic flow methods have been proposed in the literature gener-
ally for elementary motion detection, focusing on determining
relative velocity, angular rates, or for obstacle avoidance [4].
T is well-known that optical measurements provide ex- Feature tracking-based navigation methods have been pro-
cellent navigation information, when interpreted properlyyosed both for fixed-mount imaging sensors or gimbal
Optical navigation is not new. Pilotage is the oldest and maslounted detectors which “stare” at the target of interest,
natively familiar form of navigation to humans and othegimilar to the gimballed infrared seeker on heat-seeking, air-to-
animals. For centuries, navigators have utilized mechaniegt missiles. Many feature tracking-based navigation methods
instruments such as astrolabes, sextants, and driftmeters [&d}loit knowledge (eithea priori, through binocular stereop-
to make precision observations of the sky and ground in ordgs, or by exploiting terrain homography) of the target location
to determine their position, velocity, and attitude. and solve the inverse trajectory projection problem [1], [10].
The difficulty in using optical measurements for autf no a priori knowledge of the scene is provided, egomotion
tonomous navigation, that is, without human intervention, hastimation is completely correlated with estimating the scene.

] o This is referred as the structure from motion (SFM) problem.
The views expressed in this article are those of the author and do not reflect

the official policy or position of the United States Air Force, Department thgorethal develolpment of the .geomeFry OT fixed-target
Defense, or the U.S. Government. tracking, with noa priori knowledge is provided in [11]. An
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Many methods for solving the correspondence problem have

I. INTRODUCTION
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been proposed in the computer vision literature. A popular

algorithm is the Lucas-Kanade feature tracker [6], which

relies on the premise of the invariance of the intensity field

between images. It uses a template correlation algorithm to

minimize the sum of squared differences (SSD) between image

intensities. The algorithm typically assumes a lineary e

plane) motion model, but can be extended to optimize overrros

affine or bilinear transformations. Other feature correspon-

dence algorithms have been proposed which are invariant |

to rotations, scaling or both. (e.g., [5]) More robust feature %

tracking algorithms are typically computationally expensive =" /‘

and a designer must trade tracking robustness and accuracy meeer>

for real-time performance. LINE IMAGE PLANE
This paper proposes an approach to optimize the feature . _ . . _

racking problem by exploiing navigaon information,derivedfS, | Cerespondence search consvant usno eproir ines. Cien @

from six degree-of-freedom inertial measurements, and prigifihe translation and rotation to a second image, the correspondence search

terrain information, to constrain the correspondence searet be constrained to an area near the epipolar line. Note the epipole can be

space and aid the attendant optimization algorithm. The thedf§fted outside of the image plane, as shown in this example.

is developed for a kinematic motion model with inertial

Sensors.

The paper is organized as follows. Section Il exploretﬁ
ches

current approaches for constraining correspondence sear : : . o
con'f:tralnt on the image search space is a similar concept to

and discusses the strengths and weaknesses of such. Secticm field of expansion method proposed by Bhanu; however
poses the statistical projection problem in the most gene%f ' '

terms. Reasonable assumptions are proposed which make rglow generalizes the approach by exploiting epipolar ge-
. ometry.

general problem tractable for use with an Extended Kalman_l_h roiection of an arbitrar intin an im is described

Filter algorithm. In Section IV, the mathematical model used to ﬁp oijeclor "% aina a ygg im a Al?ge iS Iefcline

describe the navigation state and navigation state uncertaiI Yyai irigpg ?:onveer o ; tsrfeco ro'ect%]ne.of th:%g((:)uesl of tehse

is presented. This includes definition of reference frame 9 9 Proj

navigation dynamics, perturbation model, and defines tﬁgnmgﬁiﬁi;yo;msgniegr?mn??gg ;28\,\{:?:9'6 ;féhcztt(r)?]nilfa;
initial conditions. Section V builds upon the mathematiceﬂ : imag PIX '

model to derive the stochastic projection method. The resulti ndidate target in the first image, a correspondence search can

equations allow the user to predict the pixel location an n be constrained to an area “near” the epipolar line. This

uncertainty of a feature between two images. The stochaSQQproaCh is illustrated in Fig. 1. Strelow's method of using

projection method is validated in Section VI using Moménertlal measurements to constrain the correspondence search

Carlo simulation and flight data. Finally, conclusions arﬁIong an epipolar line is ad-hoc, since the search space is not

drawn regarding the performance of the method in Section V ?ﬂned stat|st|call_y. . .
In the next Section, the correspondence problem is described

using a stochastic model. This model is then used to determine

Strelow also incorporates inertial measurements to constrain
e _correspondence search between image frames [15]. This

[I. CURRENT CORRESPONDENCECONSTRAINT a statistically-rigorous correspondence search area.
APPROACHES
Exploiting inertial measurements to constrain the corre- I1l. GENERAL PROBLEM FORMULATION

spondence search has been proposed in the literature. In thi?h neral oroblem is described follows. Given
section, two methods which exploit inertial measurements are € general problem 1S described as Toflows. en-a

discussed pixel location of a specified landmark at timg predict the
Bhanu ;amd Roberts [2] utilize inertial measurements {%robability density function of the pixel location of the same
ndmark at time, ;. Prior information regarding the vehicle

compensate for rotation between images and to predict the . "~ . L :
L . nayigation state, terrain statistics, and the dynamics of the

focus of expansion in the second image. Once the second . .
vehicle and landmark are exploited.

image is derotated and the focus of expansion is establishe . . . .
g P athematically, the pixel locatiorg(¢;), corresponding to

the correspondence between points of interest is calculate L ndmark at location (4. in the scene. is governed by the
using goodness-of-fit metrics. One relevant metric is t . L ¥ l.) 159 y
leear projection function

correspondence search constraint placed on each point. ™
constraint ensures each interest point lies in a cone-shaped z(t;) = h[x(t),y(t:), t:] 1)
region, with apex at the focus of expansion, bisected by the

line joining the focus of expansion and the interest point wherex(t;) represents the navigation state at the time of the
the camera frame at the first image time. While this constraimeasurement.

is not statistically rigorous, it does show the value of using The vehicle and landmark dynamics are modeled by the
inertial measurements to aid the correspondence problem.following non-linear 16 stochastic differential equations in



white noise notation,
x=f [x(t),u(t), t] + Gy [x(t), t] wa(t) 2
y=rly(t),t] + Gy [y(t),t] wy(t) 3)

whereu(t) is a known input function, anev, (¢) andw,(¢)
are white noise processes.

A theoretical formulation exists for this general problem,
however two issues make this solution intractable. First, the
measurement observation function is ill-posed (i.e., a unique
inverse does not exist). Second, propagating the conditiona
probability density function in time requires solving the for-
ward Kolmogorov (i.e., Fokker-Planck) second-order partial
differential equation for an infinite number of moments [9]. /

To make the problem tractable, the following reasonable %
assumptions are made: Zo

« The prior knowledge of the navigation and target state

can be adequately described as a multivariate Gaussiai.
distribution. Fig. 2. Camera frame illustration. The camera reference frame

« Additive measurement noise is zero-mean, Gaussian, and °riginates at the center of the focal plane.

white.

« Stochastic process noise is zero-mean, Gaussian, %n

white. :

« The nonlinear state dynamics and measurement equationghe vehicle state of interest consists of positigsr)(

can be adequately modeled using perturbation techniqueslocity (v¢), and direction cosine matrix of the body to ECEF
Although not required for tractability, additional assumptiongame (Cp). From [16], the vehicle state kinematics are
are made to simplify the development and clarify the underly- e e
. . . . P = v 4)
ing concepts. First, the landmark is assumed to be stationary . eh o e .
with respect to the surface of the Earth (i.efy(t),t] = M Cpf” — 2, v + g ®)
0.) Second, the camera is rigidly mounted to the vehicle C; = Cgﬂﬁ-’b—ﬂfecg (6)

with known alignment and calibration. Third, the terrain is - .
described by a statistical elevation model. where f° is the specific force vector measured by the ac-

In the next section, the relevant reference frames and ﬂ;@erometersﬂ; Is the Earth's sidereal angular rate vector
; ; : in skew-symmetric formg¢ is the gravitational acceleration
vehicle dynamics are defined. Yy b - 8 9 i ‘
vector, and?;, is the angular rate of the vehicle relative to
the inertial frame in skew-symmetric form and measured by
the gyroscopes.

dVehicle State and Dynamics

IV. MATHEMATICAL MODEL
A. Reference Frames

In this paper, three reference frames are used. Variables
expressed in a specific reference frame are indicated usﬁﬁg
superscript notation. The Earth-Centered Earth-Fixed (ECEF,The navigation errors are defined as differences from a
or e frame) is a Cartesian system with the origin at theominal trajectory and are represented as a position error
Earth’s center, thei¢ axis pointing toward the intersection(dp€), a velocity error §v¢), and an attitude errore) vector,
of the equator and the prime (Greenwich) meridian, the defined as:
axis extending through the North pole, and ffeaxis is the

Perturbation Model

orthogonal compliment (in this paper, a carat symbdenotes pi(t) = p(t)+0p°(t) )
a unit vector). The navigation state is expressed iretframe. ve(t) = vo(t) +ve(t) (8)
The vehicle body frame (do frame) is a Cartesian system Ce(t) = [I3 — (e(t)x)]CE(t) 9)

with origin at the vehicle center of gravity, thé axis extend- . _
ing through the vehicle’s nose, thé¢ axis extending through Where the tilde represents a nominal parameter. The error state

the vehicle’s right side, and thé® axis points orthogonally i modeled as a zero-mean Gaussian random vector

out the bottom of the vehicle. The inertial measurements are ope(t)
expressed in the frame. ox(t) = | ove(t) (10)
The camera frame (ar frame) is a Cartesian system with e(t)

origin at the center of the camera image plane, theaxis ) )

is parallel to the camera image plane and defined as “cam@f)) covariance defined as

up”_, the ¢ axis is pa_rallel to theA camera i_mage plane and E[ox(t)8xT ()] = Puu(t) (11)
defined as “camera right”, and th# axis points out of the

camera aperture, orthogonal to the image plane. where E[] is the expectation operator.



Using perturbation techniques, the dynamics of the navigdpplying perturbation techniques to the landmark position
tion error states are modeled as a linear stochastic differenfiaction, the landmark errofy®, can be expressed as a linear

equation [8] function of the errors of the navigation state, terrain model,
and pixel measurement model
5x(t) = F(D)ox(t) + Gu[R°(), lwa(t)  (12) P
. . . . 0y = Gypox + Gyroh + Gy v(t; 19
where w,(t) is a zero-mean, white Gaussian noise process Y ye0% + Gyndh + Gyzv(t:) (19)
with covariance kernel where the influence coefficients
Elw, ()Wl (t + 7)) = Qu(£)3(r). (13) G, - 2 20)
Ox %,h,%(t;),Cb,TI
D. Initial Conditions G, = £ ) 21)
At the time of the first imaget;, the navigation error state %,h,2(t;),Ct,II
is a zero-mean Gaussian random variable with covariance, G. — g 22)
Yz -

P, (t;). The terrain elevationj, is a random variable with
mean, h, and varianceg?. The terrain elevation errors are
assumed to be independent of the navigation errors.

92 |5 f, 51,00 11

and )
oh=h—h (23)

V. STOCHASTIC PROJECTIONTHEORY Using the linearized position measurement, the landmark

The theory is divided into three sections: estimating tHTor is a zero-mean, Gaussian random vector. The land-
initial landmark position and covariance based on the pix@lark error covariancé?,, (¢;), and cross-correlation matrices,
location of the feature selected in the first image, using inertiBly= (t:), are defined as

measurements to propagate this augmented state to the time P ot — ElSvsvT 24
of the second image, and projecting this landmark position vy (t) % yT] (24)
state onto the second image as a probability density function Py.(ti) = E[0yox"] (25)

in pixel coordinates. In simpler terms, these equations a”%bstituting (19) into (24), and noting the independence be-

us to “predict” where a stationary feature should appear {een navigation state, terrain, and pixel measurement errors
subsequent images, thus providing a statistical measureyﬂ;quz

constrain our search space within the image.
P, (t;) = GymE[éxéxT]GZm

The landmark position corresponding to a pixel location is +Gth[5h2]GZh
a non-linear function of the navigation state, pixel location, +Gy E[v(t:)v! ()]G, (26)
z(t;), terrain elevation,, camera to body direction cosine
matrix, C%, and homogeneous camera projection matfi,
(see [7] for a description):

A. Landmark Error Statistics

Substituting the previously defined covariance matrices for the
navigation errors, terrain, and pixel measurement yields the
final form of the landmark position error covariance.

‘= ¢ t; 7Ce t; ) t; ahacgvn 14
y© =g [p°(t:), Ci(ts), z(ts) ] (14) P, (t:) = GuP..(t)Gl + G,0iGT,

The pixel location measurement at tinig is a non-linear +GyzRGZZ (27)
function of the navigation state, landmark position, and camera '
parameters: The cross-correlation matrices are calculated in a similar

R , , . manner and are expressed as:

z(tz) = h[p6(tz)7Cg(t2)7y£(tz)7cc7]~_—[] T

Pyo(ti) = GuaPoo(ti) (29)

where v(t;) is a zero-mean, additive white Gaussian noise

process with: )
B. State Propagation

Elv(t)v(t;)] = { Rgi) Z ; Z (16) In this section, the nominal navigation state, navigation error

state, and landmark error states are propagated from #ime
Similarly to the navigation state, the calculated landmat ¢, .
position, y©, is also modeled as a perturbation about the true The nominal aircraft navigation state is propagated forward
position: based on the non-linear dynamics model given in Equations
¥y =y°®+ dy° (17) (4-6), typically using a non-linear differential equation solver
(e.g., Runge-Kutta) [13].
The landmark error dynamics are defined as a random walk:

=8 [f)e(ti), Cj(t:), (t:), Co. 1T (18) 5y = G,w, (1) (30)

and is a function of the calculated trajectory



where w,(t) is a zero-mean, white Gaussian noise procesgere

with covariance kernel oh
Elw, (! (t +7)] = Q,8(r) (31) O s .cnm
oh
The navigation error stochastic differential equation is defined H., = i . (44)
in Equation (12) as *y.Cel
5 5 o - The pixel error covariance? .. (t;+1), is defined as
x(t) = F(t)ox(t 2| XE(t), tlw,(t
(t) = F(t)0x(t) + Go[x°(t), t]wo (1) (32 P (tos) = EliudaT] 45)

The navigation and landmark error covariance propagati . . S
dynamics are derived using the linearized dynamics mo%TJbstltutmg (42) into (45), and eliminating independent error

els (12),(13),(30),(31) [9]: sources yields the pixel location covariance:

P..(t) = F(O)Puu(t) +Pan(t)FL (1) P..(tiy1) = H.,P.(ti)HL,
. +G, (1) Q. (t)G] (1) (33) HHL, P,y (tip1)HE,
Pwy(t) = F()Pay(t) (34) +szPf (tig1)HL,
P, = G,QG] (35) '

+H., Py, (ti11)HL, (46)

An equivalent expression for the time propagation is rep- Finally, the covariance of the pixel location errors can

resented by the state transition matri@(t;11,%:), which pe symmarized by combining the equations presented in the
projects the navigation and landmark error covariance frojevious sections:

time¢; to ¢;,1 [8]. The resulting expression for the navigation

and landmark error covariance is P (tiv)=Hay @(tiv1, t)Pua(ti) @7 (tir, t,)HL,
tit1
Poo(tiv1) = ®(tiz1,t:)Pus(t)® (ti1,t:) tHzo B(ti41,7)Ge QG
tit1 b
+ / ®(tiy1,7)G, Q.G - &7 (tiy1, 7)dTHL,
Jt; T T
+Hzx(} tit1,t; PLEI t; G sz
BT (1,1, 7)dr (36) . G( ;1 (t))‘I'T((t) G )HyT
Poy(tivi) = ®(tiv1,t)Pay(t:) (37) O R
+szGyTPrr(t7)nysz
Py, (tiv1) = Pyy(t) YH..G.,02GT HT
Flti —ti)GyQng (38) zy FyhOp Sy p iy
+(ti+1 - tz)szGyQsz;HZy (47)

C. Projection of Uncertainty Statistics onto Image
_This equation shows how an initial covariand,.,(t;),
eight uncertaintyp?, measurement noise (characterized by

nif), and process noise (characterized@y and Q,) can be
projected to the image plane at a later tire,, as expressed

z(tiy1)=h[P(tit1), Cp(tit1), ¥ (tit1), by P (tiy1). . . .

cb ] (39) In summary, glven_the pixel coordmate; of a sta_1t|onary
e ground landmark at time;, the predicted pixel coordinates

The estimated pixel location errafz(t; 1), is modeled as a of the same landmark at timg,, can be described by the

The pixel projection function is used to project the navig
tion state and landmark location into the image plane at ti
t;+1. The pixel projection is

perturbation about the nominal pixel location bivariate Gaussian probability density function given in Equa-
tion (47). Thus, the correspondence search for the landmark
0z(tiv1) = Z(tir1) — z(tiv1) (40) can be constrained using a statistical confidence threshold.

_ _ _ _ ~In the following section, the stochastic projection method is
where the nominal pixel locatiom(t;1), is calculated using used to predict the location (and uncertainty) of a stationary

the nominal navigation state and landmark position landmark in an image.
Z(tiv1) = h[P°(tir1), Ciltiv1), ¥ (tis1), VI EXPERIMENT
CP,11] (41)

The experiment validates the stochastic projection method

Perturbing the pixel projection function, the pixel locatiot!sing both simulated and real data collected from an airborne
error can be expressed as a linear function of the errors of f¥stem. In this experiment, a Northrop T-38 “Talon” aircraft
navigation state and landmark position: was equipped with a day-night monochrome digital video cam-
era synchronized to a Honeywell H-764G Inertial Navigation

0z(tiy1) = H,p0x(tiv1) + H.y0y (tit1) (42) System. The camera was mounted in the cockpit, pointing out
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Fig. 3. Northrop T-38 instrumented with synchronized digital video camera | le l (3D
and inertial navigation system. Y \ L

the right wing. Flight data were collected in Fall of 2002 at e

Edwards Air Force Base, California. 4 Simulated fiah 0 ord 4 ob )
ig. imulated flight path. In order to generate a good observation
A Monte Carlo simulation of the test flight is performecgeometry the circular orbit was chosen such that a fixed terrain patch remained
to verify the stochastic projection model with respect to @ the camera field of view throughout the flight.

statistically significant sampling of random error contributors.

While this provides an indication of the adequacy of the sys- | . —‘ Estmated Lo eror bound |
. . + True error sample

tem model, flight test data are used to verify the performance N ! 3

of the algorithm in a real-world environment. 2o

A. Monte Carlo Simulation B

The performance of the stochastic projection method pre—éE
sented in Section V was verified using a statistically represen-£
tative ensemble of sample functions (300 per run). The data
collection system used on the T-38 flights was simulated in
software, based on a reference trajectory chosen to generate
an interesting observation geometry. This constant-altitude cir- -2t
cular flight path was constructed such that a fixed terrain patch
remained in the camera field of view throughout the flight. The ‘ ‘ ‘ ‘ ‘ ‘
simulated aircraft speed was 150 meters-per-second, altitude e B o ° °° ! 1’5
was 2296 meters, and bank angle was 27 degrees which
described a circular flight path with 4592 meter radius. They. 5. Landmark pixel location error and predicted Dound for 25 meter
resulting slant range to the landmark was 5134 meters. TigEain elevation uncertainty. Note the actual pixel location errors are similar

. . . to.the predicted error boundtllote: X and Y axes have differing scales to show

terrain elevation was simulated as a zero-mean random Ve,
able. Simulations were accomplished using a terrain elevation
error standard deviation of 25 meters, representing a moderate
accuracy terrain model. All simulations used a 10 second intéf€a developed using a statistical model. This results in faster
val between the first and second image, which was equivalémd more robust correspondence searches.
to 18.7 degrees of arc in the horizontal plane. The simulation
geometry is shown in Fig. 4. B. Flight Data

The results are shown in Fig. 5. In this figure, the predicted In this section, the stochastic projection method is imple-
pixel location errors for each Monte Carlo sample functiomented using image and inertial flight data collected on the
are represented by a “plus” symbol. The predicted gixel T-38 aircraft. The aircraft state dynamics are a function of the
location error bound is indicated by a line. Note the inclinetheasurements from the strapdown inertial sensors. All states
elliptical nature of the 2= bound is a function of the trajectory are estimated in the Earth-centered Earth-fixed reference frame
and measurement geometry. previously defined. The error equations were developed based

The same predicted pixel location errors are shown refemn [16], [17]. For this example, a three image sequence from a
enced to a 256256 pixel image in Fig. 6. The stochastiaight turning profile is shown in Fig. 7. The results of the above
constraint method shows a small correspondence search aneshod for predicting the future target location and uncertainty
which gives the highest probability of the landmark locatiorare shown in Fig. 8.
The stochastic constraint method is an improvement over theThe target selected was the west corner of a building shown
epipolar line search method as it provides a smaller seaiohFig. 7. The estimated target location andr 2variance

-0+

(pixels)

Xerror



Fig. 7. Three image sequence of an industrial area recorded during a T-38 flight, with a sample stationary ground landmark identified. Image (b) was taken
1 second after image (a). Image (c) was taken 7 seconds after image (a). The aircraft is in a right turn approximately 3.8 kilometers from the landmark.

Base | mage (2X Zoom)

<
Il mage 1 (2X Zoom
=
Il rage 2 (2X Zoom
=
Fig. 8. Predicted landmark location uncertainty using stochastic projection method. The landmark selected was the west corner of a building in the base

image (a), represented by the crosshair. Using the stochastic projection method, the landmark mearvamah2e is projected into two subsequent images

to demonstrate the concept. The estimated landmark location and predigtedriznce for image (b) shows an ellipsoidal uncertainty after one second of

flight. Image (c) shows a further increase in the uncertainty after seven seconds of flight. In each subsequent image, constraining the correspondence searcl
for the landmark to the ellipsoidal region reduces the required search area and would eliminate false matches with other features with a similar appearance

(e.g., other building corners).
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Fig. 6. Landmark pixel location error and predicted bound for 25 meter
terrain elevation uncertainty referenced to a 266 pixel image. Note the
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(13]

(14]

stochastic constraint can limit the correspondence search area significantly

compared to a search near the epipolar line.

[15]

shown in Fig. 8 shows an predicted ellipsoidal uncertaintys]

after one second and seven seconds of flight. Note the uncey:
tainty ellipse increases with flight time, as expected. In each

case, incorporating camera motion information can constrain

the correspondence search space significantly. Note the true

landmark location remains consistent with the predicted 2-
uncertainty ellipse in the presence of real measurement noise

and terrain model errors.

VIl. CONCLUSIONS

In this paper, a stochastic projection method to incorporate
the statistics of navigation dynamics and target motion mod-
els is developed to project the estimated pixel location and
uncertainty of a landmark between two images. The theory is
statistically rigorous. Thus, results derived from simulations
and actual flight data validate the accuracy of the approach

for a number of realistic scenarios.
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